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= Best/average accuracy
= Successful runs (>5% accuracy)

(Easy) dataset by Zhang et al. (2017)
(Hard) dataset by Dinu et al. (2016) + extensions

Method EN-IT EN-DE EN-FI  EN-ES
Zhangetal. (2017),A =1 0 0 0 0
Zhang et al. (2017), A = 10 0 0 0 0
Conneau et al. (2018), code 3 9 0 6
Conneau et al. (2018), paper 2 0 0 2
Proposed method 10 10 10 10

Number of successful runs
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e Future work: from bilingual to multilingual
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